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Tropical dry forest
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Objectives

• Generate a training dataset representing the potential extent

of dry forest in the Andean and Caribbean regions of

Colombia.

• Generate multi-temporal maps of distribution of dry forest, 

using Landsat time series.



Methodology

1. Generate envelope of potential extent of dry forest and non-
dry forest.

2. Sample from the envelopes and merge with a non-forest 
training dataset

3. Train a random forest model using predictors from Landsat 
time series



Generating a mask of potential dry forest extent 

Variable Dry Andes Non-Dry 
Andes

Dry Caribe Non-dry 
Caribe

Non Forest

Annual mean temp (bio1) > Q4 < Q4 > 25 C < 25 C -
Annual precip (bio12) < Q1 > Q3 < 2000 > 2000 -
Precip. Driest month (bio14) < Q1 > Q3 - - -
Precip. Driest quarter 
(bio17)

< Q1 > Q3 < 110 > 110 -

Elevation (SRTM 30 m) < Q1 > Q1 < 1000 > 1000 -
Mean PET (MODIS 500 m) > MEAN - > Q4 - -
Max PET (MODIS 500 m) - - > Q4 - -
Sample size 1000 1000 1000 1000 2000

Presenter Notes
Presentation Notes
-  We generate a random sample from each of the envelopes, and then combine them and extract the predictors shown in the next slide



Zoom-in to the potential dry 
forest envelope in the North 
Andes/Caribbean region

Zoom-in to the potential dry 
forest envelope in the Magdalena 
valley

Presenter Notes
Presentation Notes
Envelope shown in whiteArtifacts in the layer below are due to the coarser resolution of the climate dataThe artifacts don’t matter because we are just sampling from this layer, and we are not using the climate data as a predictor in the ML model



CCDC: continuous change detection and classification

Presenter Notes
Presentation Notes
Each segment has an intercept, a slope, and three pairs of harmonic terms (sin, cos pairs)We transform those harmonic terms to amplitude and phase to make them easier to interpretWe can predict surface reflectance for any point in our study period by finding the intersecting segment, and using the regression coefficients to predict the value. We can predicted images “synthetic values”



Dry forest in the Caribe region

Seasonal GREENNESS

Humid forest in the Amazon

Seasonal GREENNESS

Presenter Notes
Presentation Notes
Seasonal signature is very strong in dry forest, particularly in the caribe regionOther bands show similar signatures, aiding in the classiication



TYPE NAME COEFFICIENTS AND 
CCDC DERIVATES

SPECTRAL GREEN
RED
NIR
SWIR1
SWIR2 INTP

SLP
PHASE, PHASE2
AMPLITUDE, 
AMPLITUDE2 
RMSE 
SYNT

INDEX OR 
TRANSFORM

NDFI
GREENNESS
BRIGHTNESS
WETNESS 

SPECTRAL 
UNMIXING 
COMPONENTS

Shade
NPV
Soil

OTHER VARIABLES ASPECT
DEM_SLOPE

-

1. Extract predictors for the

entire training dataset

(6K)

2. Generation of annual 

maps of probability of 

three classes: dry forest, 

non-dry forest and non 

forest.

Presenter Notes
Presentation Notes
NDFI: Normalized Degradation Fraction IndexSpectral unmixing components plus bands that represent greenness respond very well to the seasonal patterns present in dry forest



Spectral unmixing
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Caribe

Dry forest 

probability



Caribe

Dry forest prob.

Forest only



Caribe

Dry forest prob > 0.7

Forest only



Andes

Dry forest 

probability



Andes

Dry forest prob.

Forest only



Andes

Dry forest prob. > 0.7

Forest only



Probability of presence of dry 

forest, after masking non-forest 

areas

Presenter Notes
Presentation Notes
Final dry forest probabilities for year 2014, after masking forest-only areasWe have similar maps annual for the last 20 years







Conclusions and next steps

● Spectral-temporal features from Landsat are useful to distinguish 
tropical dry forest from humid forest in the Andean and Caribbean 
regions in Colombian.

● Field locations need to be matched carefully with closest adjacent 
forest pixels to calculate accuracy properly.

● Assess change in dry forest over time.
● Evaluate if distinguishing different types of dry forest is possible.
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